I develop new results for long-horizon predictive regressions with overlapping observations. I show that rather than using autocorrelation robust standard errors, the standard t-statistic can simply be divided by the square root of the forecasting horizon to correct for the effects of the overlap in the data. Further, when the regressors are persistent and endogenous, the long-run ordinary least squares (OLS) estimator suffers from the same problems as the short-run OLS estimator, and it is shown how similar corrections and test procedures as those proposed for the short-run case can also be implemented in the long run. An empirical application to stock return predictability shows that, contrary to many popular beliefs, evidence of predictability does not typically become stronger at longer forecasting horizons.
I. Introduction
Predictive regressions are used frequently in empirical finance and economics. The underlying economic motivation is often the test of a rational expectations model, which implies that the innovations to the dependent variable should be orthogonal to all past information (i.e., the dependent variable should not be predictable using any lagged regressors). Although this orthogonality condition should hold at any time horizon, it is popular to test for predictability by regressing sums of future values of the dependent variable onto the current value of the regressor. A leading example is the question of stock return predictability, where regressions with 5-or 10-year returns are often used (e.g., Campbell and Shiller (1988) , Fama and French (1988) ). While stock return predictability also serves as 1 Other applications of long-horizon regressions include tests of exchange rate predictability (Mark (1995) , Berkowitz and Giorgianni (2001) , and Rossi (2005) ), the Fisher effect (Mishkin (1990 (Mishkin ( ), (1992 , Boudoukh and Richardson (1993) ), and the neutrality of money (Fisher and Seater (1993) ).
2 A predictive regressor is generally referred to as endogenous if the innovations to the returns are contemporaneously correlated with the innovations to the regressor. When the regressor is strictly stationary, such endogeneity has no impact on the properties of the estimator, but when the regressor is persistent in some manner, the properties of the estimator will be affected (e.g., Stambaugh (1999) ). Nelson and Kim (1993) may be the first to raise the biasing problems of endogenous regressors in the long-horizon case.
regressions. Importantly, the modified test statistic in the endogenous case is again normally distributed. In contrast, Valkanov's test statistics have highly nonstandard distributions, both for exogenous and endogenous regressors, which require simulation of the critical values for each specific case.
Asymptotic results are, of course, only useful to the extent that they provide relevant information regarding the finite sample properties of an econometric procedure. As shown in Monte Carlo simulations, both the asymptotic results derived under the assumptions in this paper and those derived under the assumptions in Valkanov's (2003) paper provide good approximations of finite sample behavior. The simulations show that the asymptotic normal distribution of the test statistics derived in this paper provides a good approximation in finite samples, even when the forecasting horizon is large compared to the sample size, resulting in rejection rates that are very close to the nominal size of the test under the null hypothesis. In terms of power properties, the Monte Carlo simulations show that the tests proposed here are fairly similar to those of Valkanov, although there are typically some power advantages to the current procedures. This is especially true when the regressors are endogenous, in which case the test procedures derived here can be substantially more powerful than the test proposed by Valkanov. The rest of the paper is organized as follows. Section II sets up the model and derives the theoretical results, and Section III discusses the practical implementation of the methods in the paper. Section IV describes the Monte Carlo simulations that illustrate the finite sample properties of the methods. An empirical application to stock return predictability is given in Section V, where it is shown that, contrary to many popular beliefs, evidence of predictability does not typically become stronger at longer forecasting horizons. Section VI concludes, and technical proofs are found in the Appendix.
II. Long-Run Estimation

A. Model and Assumptions
Although the results derived in this paper are of general applicability, it is helpful to discuss the model and derivations in light of the specific question of stock return predictability. Thus, let the dependent variable be denoted r t , which would typically represent excess stock returns when analyzing return predictability, and the corresponding regressor, x t .
3 In long-run regressions, the focus of interest is the fitted regression, r t+q (q) = α q + β q x t + u t+q (q) ,
where r t (q) = q j=1 r t−q+j , and long-run future returns are regressed onto a 1-period predictor. The OLS estimator of β q in equation (1), using overlapping observations, is denoted byβ q .
It is important to stress that equation (1) is a fitted regression and should not be interpreted as the data-generating process (DGP). That is, the DGP more naturally describes the true model for r t , rather than r t (q), since the latter is just a sum of the former. In particular, the behavior of r t and x t are assumed to satisfy r t+1 = α + βx t + u t+1 , (2)
where ρ = 1 + c/T, t = 1, . . . , T, and T is the sample size; the demeaned versions of r t and x t will be denoted as r t and x t , respectively. Throughout the paper, the results are derived under the null hypothesis of no predictability, in which case equation (2) simplifies to r t+1 = α + u t+1 and immediately implies that β q = 0 for all q. However, it will sometimes be useful to refer to a DGP that also allows for return predictability, such as in the power simulations, and equation (2) therefore allows for deviations from the null.
The joint error process, w t = (u t , v t ) , is assumed to satisfy the usual martingale difference assumption and can be conditionally heteroskedastic, as long as it is covariance stationary; Assumption 1 in Appendix B states the formal conditions. The covariance matrix is denoted
The error terms u t and v t are often highly correlated, and the regressor will be referred to as endogenous whenever this correlation, which will be labeled δ ≡ ω 12 / √ ω 11 ω 22 , is nonzero.
The autoregressive root of the regressor is parameterized as being local-tounity, which captures the near unit-root, or highly persistent, behavior of many predictor variables, but is less restrictive than a pure unit-root assumption. The near unit-root construction, where the autoregressive root drifts closer to unity as the sample size increases, is used as a tool to enable an asymptotic analysis where the persistence in the data remains large relative to the sample size, also as the sample size increases to infinity. That is, if ρ is treated as fixed and strictly less than unity, then as the sample size grows, the process x t will behave as a strictly stationary process asymptotically, and the standard 1st-order asymptotic results will not provide a good guide to the actual small sample properties of the model. For ρ = 1, the usual unit-root asymptotics apply to the model, but this is clearly a restrictive assumption for most potential predictor variables. Instead, by letting ρ = 1 + c/T, the effects from the high persistence in the regressor will appear also in the asymptotic results, but without imposing the strict assumption of a unit root.
The greatest problem in dealing with regressors that are near unit-root processes is the nuisance parameter c, which is generally unknown and not consistently estimable. 4 It is nevertheless useful to first derive inferential methods under the assumption that c is known, and then use the arguments of Cavanagh, Elliot, and Stock (1995) to construct feasible tests. The remainder of this section derives and outlines the inferential methods used for estimating and performing tests on β q in equation (1), treating c as known. Section III discusses how the methods of Cavanagh et al. and Campbell and Yogo (2006) can be used to construct feasible tests with c unknown.
B. The Limiting Distribution of the Long-Run OLS Estimator
The following theorem states the asymptotic distribution of the long-run OLS estimator of equation (1) and provides the key building block for the rest of the analysis. Theorem 1. Under the null hypothesis of no predictability, for a fixed q as T → ∞,
where J c .
Theorem 1 shows that under the null of no predictability, the limiting distribution ofβ q is identical to that of the standard short-run, 1-period, OLS estimator β in equation (2), which is easily shown to converge to this distribution at a rate T (Cavanagh et al. (1995) ), althoughβ q needs to be standardized by q −1 . This additional standardization follows since the estimated parameter β q is of an order q times larger than the short-run parameter β, as discussed at length in Boudoukh, Richardson, and Whitelaw (2008) .
The equality between the long-run asymptotic distribution under the null hypothesis, shown in Theorem 1, and that of the short-run OLS estimator may seem puzzling. The intuition behind this result stems from the persistent nature of the regressors. In a (near) unit-root process, the long-run movements dominate the behavior of the process. Therefore, regardless of whether one focuses on the longrun behavior, as is done in a long-horizon regression, or includes both the shortrun and long-run information, as is done in a standard 1-period OLS estimation, the asymptotic result is the same since, asymptotically, the long-run movements are all that matter.
The limiting distribution ofβ q is nonstandard and a function of the local-tounity parameter c. Since c is not known, and not consistently estimable, the exact limiting distribution is not known in practice, which makes valid inference difficult. Cavanagh et al. (1995) suggest putting bounds on c in some manner and then find the most conservative value of the limiting distribution for some value of c within these bounds. Campbell and Yogo (2006) suggest first modifying the estimator or, ultimately, the resulting test statistic, in an optimal manner for a known value of c, which results in more powerful tests. Again using a bounds procedure, the most conservative value of the modified test statistic can be chosen for a value of c within these bounds. I will pursue a long-run analogue of this latter approach here, since it leads to more efficient tests and because the relevant limiting distribution is standard normal, which greatly simplifies practical inference. Before deriving the modified estimator and test statistic, however, it is instructive to consider the special case of exogenous regressors where no modifications are needed.
C. The Special Case of Exogenous Regressors
Suppose the regressor x t is exogenous in the sense that u t is uncorrelated with v t and thus δ = ω 12 = 0.
5 In this case, the limiting processes B 1 and J c are orthogonal to each other, and the limiting distribution in (4) simplifies. In particular, it follows that
where MN(·) denotes a mixed normal distribution. That is,β q is asymptotically distributed as a normal distribution with a random variance. Thus, conditional on this variance,β q is asymptotically normally distributed. The practical implication of this result is that regular test statistics will have standard distributions. In fact, the following convenient result for the standard t-statistic now holds.
Corollary 1. Let t q denote the standard t-statistic corresponding toβ q . That is,
whereû t+q (q) = r t+q (q) −α q −β q x t are the estimated residuals. Then, under the null hypothesis of no predictability and an exogenous regressor with δ = 0, for a fixed q as T → ∞,
Thus, by standardizing the t-statistic forβ q by the square root of the forecasting horizon, the effects of the overlap in the data are controlled for and a standard normal distribution is obtained.
D. Endogeneity Corrections
As discussed previously, the long-run OLS estimator suffers from the same endogeneity problems as the short-run estimator; that is, when the regressor is endogenous, the limiting distribution is nonstandard and a function of the unknown parameter c. To address this issue, I consider a version of the augmented regression of Phillips (1991) , together with the Bonferroni methods of Campbell and Yogo (2006) . For now, I assume that ρ, or equivalently c, is known and derive an estimator and test statistic under this assumption.
Note that, for a given ρ, the innovations v t can be obtained from v t = x t − ρx t−1 . Consider first the 1-period regression. Once the innovations v t are obtained, an implementation of the augmented regression equation of Phillips (1991) , which he proposed for the pure unit-root case, is now possible:
Here u t·v = u t − ω 12 ω (8) is that by including the innovations v t as a regressor, the part of u t that is correlated with v t is removed from the regression residuals, which are now denoted u t·v to emphasize this fact. The regressor x t therefore behaves as if it were exogenous. It follows that the OLS estimator of β in equation (8) will have an asymptotic mixed normal distribution, with the same implications as discussed previously in the case of exogenous regressors. 6 As discussed in Hjalmarsson (2007) , there is a close relationship between inference based on the augmented regression equation (8) and the inferential procedures proposed by Campbell and Yogo (2006) . To see this, suppose first that the covariance matrix for the innovation process, Ω, is known, and hence also γ = ω 12 ω −1 22 and ω 11·2 . The t-test for β = 0 in (8) is then asymptotically equivalent to
which is, in fact, identical to Campbell and Yogo's Q-statistic. In practice, Ω is not known, but γ will be consistently estimated by OLS estimation of equation (8) and ω 11·2 is estimated as the sample variance of the residuals.
7
In the current context, the augmented regression equation is attractive, since it can easily be generalized to the long-horizon case. Thus, consider the augmented long-run regression equation
where v t (q) = q j=1 v t−q+j . The idea is the same as in the 1-period case, only now the corresponding long-run innovations v t+q (q) are included as an additional 6 Amihud and Hurvich (2004) also consider augmented predictive regressions in the 1-period case, although they do not explicitly analyze the case where the autoregressive root is local to unity.
7 Campbell and Yogo (2006) derive their Q-statistic as the uniformly most powerful test (conditional on an ancillary statistic) in a Gaussian framework. Phillips (1991) shows that OLS estimation of β in equation (8) is identical to estimation of β via Gaussian full information maximum likelihood of the system described by equations (2) and (3). The OLS estimator of equation (8) is thus effectively Fisher efficient in the sense that it asymptotically achieves the maximum concentration. These optimality properties in the short-run case motivate the use of the corresponding long-run extensions later. However, this does not imply any optimality for the long-run procedures.
regressor. Under the null hypothesis of no predictability, equation (10) follows immediately from the specification of the short-run returns in equation (2). That is, under the null hypothesis,
with γ and u t·v as previously specified. Equation (10) now follows from summing up across q-periods on each side of equation (11), with α q = qα and γ q = γ.
8 Let β + q be the OLS estimator of β q in equation (10), using overlapping observations. The following result now holds.
Theorem 2. Under the null hypothesis of no predictability, for a fixed q as T → ∞,
The only difference from the result for the exogenous regressor case is the variance ω 11·2 , which reflects the fact that the variation in u t that is correlated with v t has been removed. As in the exogenous case, given the asymptotically mixed normal distribution ofβ + q , standard test procedures can now be applied to test the null of no predictability. In particular, the scaled t-statistic corresponding toβ + q will be normally distributed, as shown in the following corollary.
whereû + t·v (q) are the estimated residuals, z t = (x t , v t+q (q)), and a = (1, 0) . Then, under the null hypothesis of no predictability, for a fixed q as T → ∞, Figure 1 illustrates the results of Theorem 2 and Corollary 2. In particular, Figure 1 shows the density of the standardized long-run estimatesβ + q /q for 8 Under the alternative of predictability given by equation (2), the long-run augmented regression equation does not strictly hold in the sense that one cannot write r t+q (q) = α q + β q x t + γ q v t+q (q) + u t+q·v (q), where v t+q (q) and u t+q·v (q) are orthogonal to each other. In order to do so, one would need to replace γ q v t+q (q) ≡ γj=1 v t+j by q j=1 ξ j v t+j for some ξ j that are not identical for each j. Equation (10) is, however, still valid under the alternative in the sense that including v t+q(q) will control for some of the noise in the error term. The long-horizon regression is a fitted regression, and complete endogeneity corrections will in general be functions of "short-run" parameters (e.g., β) in the DGP. To the extent that one does not wish to first impose and estimate some short-run predictive relationship in order to estimate the long-run relationship, full endogeneity corrections under the alternative will therefore typically not be possible. q = 1, 5, and 10, as well as the density of the corresponding scaled t-statistics, t + q / √ q, which are plotted along with the standard normal density. The densities are obtained from simulating data generated by equations (2) and (3) with T =100, under the null of no predictability, and subsequently estimating equation (10). The normally distributed error terms u t and v t both have unit variance, and the correlation (δ) between them is set equal to −0.9. The local-to-unity parameter c is set equal to −2.5. One million repetitions are performed and the kernel density estimates of the resultingβ Density Plots of the Scaled Estimates of the Long-Run Slope Coefficient,β + q /q, and the Scaled t-Statistics, t + q / √ q, for q = 1, 5, and 10, with T = 100
The standard normal density is plotted as a comparison to the densities of the scaled t-statistics in Graph B of Figure 1 . The densities are obtained from simulating data generated by equations (2) and (3) under the null of no predictability and subsequently estimating equation (10). The error terms ut and vt both have unit variance and correlation δ = −0.9. The local-to-unity parameter c is set to −2.5. One million repetitions are performed, and the kernel density estimates of the resulting β 
Graph A. Density of Scaled Slope Coefficient Graph B. Density of Scaled t-Statistic
Thus, for a given ρ, inference becomes trivial also in the case with endogenous regressors, since the scaled t-statistic corresponding to the estimate of β q from the augmented regression equation (10) is normally distributed. In practice, ρ is typically unknown, and the next section outlines methods for implementing a feasible test.
Before moving on, it should also be stressed that although the arguments leading up to equation (10) were motivated by a Gaussian setup (see footnote 7), the results in Theorem 2 and Corollary 2 hold under much more general conditions on the error terms (see Assumption 1 in Appendix B). This is an important point because, under the assumption of normality, one might conjecture that there are few gains from considering long-horizon returns, since these will also be normally distributed and the likelihood of these aggregate long-run returns will not contain any additional information over the 1-period short-run returns. In contrast, long-run returns might be more useful in nonnormal cases. Although a formal analysis of the potential gains from long-horizon methods is outside the scope of this paper, I briefly return to this question in the simulation section, where results for t-distributed innovations are presented.
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III. Feasible Methods
To implement the methods for endogenous regressors described in the previous section, knowledge of the parameter c (or equivalently, for a given sample size, ρ) is required. Since c is typically unknown and not estimable in general, the bounds procedures of Cavanagh et al. (1995) and Campbell and Yogo (2006) can be used to obtain feasible tests.
Although c is not estimable, a confidence interval for c can be obtained, as described by Stock (1991) . By evaluating the estimator and corresponding test statistic for each value of c in that confidence interval, a range of possible estimates and values of the test statistic is obtained. A conservative test can then be formed by choosing the most conservative value of the test statistic, given the alternative hypothesis. If the confidence interval for c has a coverage rate of 100(1 − α 1 )% and the nominal size of the test is α 2 %, then by Bonferroni's inequality, the final conservative test will have a size no greater than α = α 1 + α 2 %.
Thus, suppose that one wants to test H 0 : β q = 0 versus H 1 : β q > 0. The first step is to obtain a confidence interval for c, with confidence level 100(1 − α 1 )%, which is denoted [c, c] The previous results are derived under the assumption that the predictor variable has an autoregressive root ρ that is local to unity. In ongoing research, the author has shown that a similar scaling result for the test statistics also applies in the strictly stationary case with ρ fixed and strictly less than unity. In fact, it turns out that for a fixed ρ strictly less than unity, the 1/ √ q scaling rule provides a conservative bound on the scaling factor, and the exact scaling factor in the strictly stationary case is a function of ρ. That is, for a fixed ρ strictly less than unity, the t-statistics should be scaled by 1/ f (q, ρ) where f (q, ρ) < q for ρ < 1 and lim ρ↑1 f (q, ρ) = q; the proof is available from the author. The 1/ √ q scaling is thus valid outside the near unit-root framework analyzed here, although it will in general be conservative for strictly stationary predictors. Although the 1/ f (q, ρ) scaling potentially offers better-sized tests when ρ is strictly less than unity, its implementation requires an estimate of the autoregressive root ρ, which can lead to size distortions in the resulting scaled test; this is particularly true for ρ close to unity where the f (q, ρ) function is most sensitive to the exact value of ρ. Thus, in practice, for predictors with autoregressive roots fairly close to 1, the best feasible approach appears to be to use the 1/ √ q scaling derived previously. A more exhaustive treatment of the testing problem in the stationary case is left for future research.
1 − α 2 quantile of the standard normal distribution. The resulting test of the null hypothesis will have a size no greater than α = α 1 + α 2 . An analogous procedure can be used to test against a negative alternative. 10 Campbell and Yogo (2006) use the Dickey-Fuller generalized least squares (DF-GLS) unit-root test of Elliot, Rothenberg, and Stock (1996) to obtain a confidence interval for c. Here, I instead rely on a new unit-root test developed by Deo (2009a), (2009b) . The Chen and Deo test, which is based on the idea of restricted likelihood inference (Kalbfleisch and Sprott (1970) ), is convenient to use because the test statistic is (approximately) χ 2 distributed both under the null of a unit root as well as for roots close to unity. It is therefore trivial to invert the test statistic to obtain confidence intervals for c. The implementation of this unit-root test is described in Appendix A.
In general, Bonferroni's inequality will be strict, and the overall size of the test just outlined will be less than α. By shrinking the coverage rates of the confidence interval for c, a less conservative test can be achieved. Such procedures are discussed at length in Campbell and Yogo (2006) , and I follow a similar approach here. Start with fixing α 2 at 10%, so that the nominal size of the tests evaluated for eachc is equal to 10%. Further, set the desired size of the overall Bonferroni test, labeledα, to 10% as well. The degree of endogeneity, and hence the size of the biasing effects, is a function of the correlation δ between the innovations u t and v t . Thus, for each value of δ, one then searches over a grid of negative cs for values of α 1 such that the overall size of the test will be no greater thanα for any value of c.
11 Since the asymptotic properties of the scaled estimators and corresponding test statistics derived here are identical for any q, one only needs to find values α 1 for q = 1. Table 1 gives the values of α 1 , which result in 1-sided Bonferroni tests with size no greater thanα/2 equal to 5%, or, alternatively, 2-sided tests with size no greater than 10%.
As discussed later in conjunction with the Monte Carlo results, using these α 1 values, obtained for q = 1, in the long-run case appears to work well, although there is a tendency to underreject when the forecasting horizon is large relative to the sample size. Thus, there may be some scope for improving the procedure by size-adjusting the confidence interval for c differently for different combinations of q and T, but at the expense of much simplicity. Since the potential gains do not appear large, I do not pursue that here, although it would be relatively easy to implement on a case-by-case basis in applied work.
The practical implementation of the methods in this paper can be summarized as follows:
10 An alternative approach is to invert the test statistics and form conservative confidence intervals instead. This approach will deliver qualitatively identical results, in terms of whether the null hypothesis is rejected or not. However, the distribution of the long-run estimator under the alternative hypothesis need not be the same as under the null hypothesis, in which case the confidence intervals are only valid under the null hypothesis. Presenting confidence intervals based on the distribution under the null hypothesis may therefore be misleading.
11 Nonnegative cs are ruled out since, from an economic perspective, it is very unlikely that the predictor variables are truly nonstationary, even though they are highly persistent (see, e.g., Lewellen (2004) , Baker, Taliaferro, and Wurgler (2006)).
TABLE 1
Significance Levels for the Confidence Interval for c in the Bonferroni Test Table 1 reports the values of α1, for a given value of the correlation δ between the innovations ut and vt, which result in a 1-sided Bonferroni test with size no greater than 5% when the confidence interval for c, obtained from inverting the Deo (2009a), (2009b) test, has a coverage rate of 100(1 − α1)%. Two separate α1s are reported: The first should be used when testing against a negative alternative, and the second when testing against a positive alternative. Only values for δ < 0 are reported, since a regression with a negative δ can always be achieved by changing the sign of the regressor.
Test against H1: i) Using OLS estimation for each equation, obtain the estimated residuals from equations (2) and (3). Calculate the correlation δ from these residuals.
12 ii) Calculate the restricted likelihood ratio test (RLRT) statistic of Chen and Deo (2009a) , (2009b), described in Appendix A, and obtain c and c by inverting the test statistic, using the confidence level α 1 in Table 1 corresponding to the estimated value of δ. Note that a different α 1 is used depending on whether one is testing against a positive or a negative alternative. The previous procedure results in a 1-sided test at the 5% level, or alternatively a 2-sided test at the 10% level.
IV. Monte Carlo Results
All of the previous asymptotic results are derived under the assumption that the forecasting horizon is fixed. Valkanov (2003) also studies long-run regressions with near-integrated regressors, but he derives his asymptotic results under the assumption that q/T → λ ∈ (0, 1) as q, T → ∞. That is, he assumes that the forecasting horizon grows with the sample size. Under such conditions, the asymptotic results are, at least at first glance, quite different from those derived in this paper. There is, of course, no right or wrong way to perform the asymptotic analysis; what matters in the end is how well the asymptotic distributions capture the actual finite sample properties of the test statistics. To this end, Monte Carlo simulations are therefore conducted. Since Valkanov's methods are known to have good size properties, I merely present power results for his tests.
A. Size Properties
I start by analyzing the size properties of the scaled t-statistics proposed earlier in the paper. Equations (2) and (3) are simulated, with u t and v t drawn from an independent and identically distributed (IID) bivariate normal distribution with mean 0, unit variance and correlations δ = 0, −0.7, −0.90, −0.95, and −0.99. The sample size is either T = 100 or T = 500. The intercept α is set to 0, and the local-to-unity parameter c is set to either −2.5, −10, or −20 for T = 100 and to −1, −5, or −20 for T = 500. Since the sizes of the tests are evaluated, the slope coefficient β is set to 0, which implies that β q = 0 as well. All results are based on 10,000 repetitions.
Two different test statistics are considered: the scaled t-statistic corresponding to the long-run OLS estimateβ q (i.e., t q / √ q), and the scaled Bonferroni t-statistic described previously (i.e., t + q,min / √ q). All tests are evaluated against a positive 1-sided alternative at the 5% level (i.e., the null is rejected if the scaled test statistic exceeds 1.645).
The results are given in Table 2 . The 1st set of columns shows the rejection rates for the scaled OLS t-statistic under the null hypothesis of no predictability. When the regressors are exogenous, such that δ = 0, this test statistic should be asymptotically normally distributed. The normal distribution appears to work well in finite samples, with rejection rates close to the nominal 5% size. For larger negative cs, and for large q relative to T, the size drops and the test becomes somewhat conservative; this is primarily true for forecasting horizons that span more than 10% of the sample size. 13 Overall, however, the scaling by 1/ √ q of the standard t-test appears to work well in practice for exogenous regressors. As is expected from the previous asymptotic analysis, the scaled OLS t-test tends to overreject for endogenous regressors with δ < 0, which highlights that the 13 As mentioned in footnote 9, for larger negative cs, the scale factor 1/ √ q will overcontrol for the overlap in the data, and the difference between the scale factor 1/ f (q, ρ) derived for the stationary case and the factor 1/ √ q used here increases as q increases. As pointed out previously, the practical implementation of the 1/ f (q, ρ) scaling is made difficult by the need to estimate ρ, and the 1/ √ q scaling therefore may still be the best feasible approach, despite being slightly conservative.
biasing effects of endogenous regressors are a great problem also in long-horizon regressions. The first column of Table 2 gives the forecasting horizon q, and the top row below the labels gives the value of the parameter δ, the correlation between the innovation processes. The remaining entries present, for each combination of q and δ, the average rejection rates under the null hypothesis of no predictability for the corresponding test. The results are based on the Monte Carlo simulation described in the main text, and the average rejection rates are calculated over 10,000 repetitions. Results for sample sizes T equal to 100 and 500 and for local-to-unity parameters c = −2.5, −10, −20, and c = −1, −5, −20, respectively, are given; for T = 100, these values of c correspond to autoregressive roots ρ = 0.975, 0.9, and 0.8, respectively, and for T = 500, they correspond to ρ = 0.998, 0.99, and = 0.96, respectively. The next set of columns shows the results for the scaled Bonferroni test. The rejection rates for all δ are now typically close to and below 5%, indicating that the proposed correction in the augmented regression equation (10) works well in finite samples. When δ is close to −1, the Bonferroni test tends to become more conservative. Since the coverage rates for c that are used in the Bonferroni test (see Table 1 ) are obtained by finding the largest α 1 such that the Bonferroni test has size ≤ 5% across a grid of cs, the test will in general be conservative for a given c. As δ → −1, the outcome of the test statistic becomes much more sensitive to the exact value of c at which it is evaluated, reflected by the greater coverage rates (1−α 1 ) in Table 1 , and the conservative nature of the test is therefore exacerbated.
As in the OLS case, the Bonferroni test also has a tendency to underreject for large q relative to T.
To evaluate how the tests perform when the innovations are not normally distributed, the same simulation exercise as previously conducted is performed with u t and v t following t-distributions with 3 degrees of freedom, standardized to have unit population variances. Again, the innovations have correlations δ, and all other aspects of the simulations remain identical. The results are shown in Table 3 and are very similar to those for the normal case shown in Table 2 . The proposed methods thus appear to work well also in nonnormal cases, and with fairly heavy-tailed distributions.
14 In summary, the previous simulations confirm the main conclusions from the formal asymptotic analysis: i) When the regressor is exogenous, the standard t-statistic scaled by the square root of the forecasting horizon will be normally distributed, and ii) when the regressor is endogenous, the scaled t-statistic corresponding to the augmented regression equation will be normally distributed.
B. Power Properties
Since the test procedures proposed in this paper appear to have good size properties and, if anything, underreject rather than overreject the null, the second important consideration is their power to reject the null when the alternative is in fact true. Again, the same simulation design is used, with the data generated by equations (2) and (3). Unless otherwise noted, the innovations are normally distributed. In order to assess the power of the tests, however, the slope coefficient β in equation (2) now varies between 0 and 0.2.
In addition to the scaled t-statistics considered in the size simulations, I now also study an additional test statistic based on Valkanov (2003) . Valkanov derives his asymptotic results under the assumption that q/T → λ ∈ (0, 1) as q, T → ∞, and he shows that under this assumption, t/ √ T will have a well-defined distribution. That is, he proposes to scale the standard OLS t-statistic by the square root of the sample size, rather than by the square root of the forecasting horizon, as suggested in this paper. The scaled t-statistic in Valkanov's analysis is not normally distributed. Its asymptotic distribution is a function of the parameters λ (the degree of overlap), the local-to-unity parameter c, and the degree of endogeneity δ; critical values must be obtained by simulation for a given combination of these 3 parameters. Since the critical values are a function of c, which is unknown, Valkanov's scaled t-test is generally infeasible. He therefore proposes a so-called sup-bound test, where the test is evaluated at some bound for c, outside of which it is assumed that c will not lie. Ruling out explosive processes, he suggests using c = 0 in the sup-bound test, which results in a conservative 1-sided test against β > 0 for δ < 0.
15 To avoid confusion, I will continue to refer to the tests proposed in this paper as scaled tests, whereas I will refer to the test suggested by The first column of Table 3 gives the forecasting horizon q, and the top row below the labels gives the value of the parameter δ, the correlation between the innovation processes. The remaining entries present, for each combination of q and δ, the average rejection rates under the null hypothesis of no predictability for the corresponding test. The results are based on the Monte Carlo simulation described in the main text, and the average rejection rates are calculated over 10,000 repetitions. Results for sample sizes T equal to 100 and 500 and for local-to-unity parameters c = −2.5, −10, −20, and c = −1, −5, −20, respectively, are given; for T = 100, these values of c correspond to autoregressive roots ρ = 0.975, 0.9, and 0.8, respectively, and for T = 500, they correspond to ρ = 0.998, 0.99, and = 0.96, respectively. Valkanov explicitly as Valkanov's (sup-bound) test. Following Valkanov's exposition, I focus on the case of q/T = 0.1. For simplicity, I only consider the cases of δ = 0 and δ = −0.9, and T = 100. Figure 2 shows the power curves for the scaled OLS t-test proposed in this paper and the test suggested by Valkanov (2003) for δ = 0, q = 10, and T = 100. For both c = −2.5 and c = −10, the scaled OLS t-test is marginally more powerful than Valkanov's sup-bound test. Overall, for the case of exogenous regressors, there appears to be no loss of power from using the simple scaled and normally distributed t-test suggested here, but, in fact, some marginal power gains. Figure 3 shows the results for endogenous regressors with δ = −0.9, q = 10, and T = 100. Since the scaled t-test based on the OLS estimator is known to be biased in this case, I only show the results for the scaled Bonferroni test, along To sum up, the simulations show that both the scaled OLS t-test and the scaled Bonferroni test have good power properties when compared to the test proposed by Valkanov (2003) . This is especially true for the Bonferroni test used with endogenous regressors, which tends to dominate Valkanov's test. Figure 4 compares power for the scaled Bonferroni test across different forecasting horizons, including the 1-period horizon. Graph A shows the case with normal innovations, and Graph B shows the case with t-distributed innovations with 3 degrees of freedom; again, the t-distributed innovations are standardized to have unit population variances. The sample size is still T = 100 and c = −2.5. Only the case with endogenous regressors, letting δ = −0.9, is shown.
C. Power across Different Horizons
FIGURE 4
Power Curves for Different Forecasting Horizons q with T = 100, δ = −0.9, and c = −2.5 (ρ = 0.975) Two conclusions are immediate from the study of Figure 4 . First, power is decreasing in the forecasting horizon: The 1-period test is marginally more powerful than the long-horizon test with q = 5, which in turn is somewhat more powerful than the long-horizon test with q = 10. Second, this conclusion holds irrespective of whether the innovations are normal or not. In fact, the power curves are very similar for the normal case and the t-distributed case.
Overall, it thus seems difficult to achieve power gains for longer horizons when the model under the alternative hypothesis is given by equation (2), which is the standard model for evaluating long-horizon regressions (e.g., Campbell (2001) , Nelson and Kim (1993) ), both with normal and nonnormal innovations. But, the reason for running long-horizon regressions is presumably that one believes the model is not as simple as that given by equation (2) under the alternative, and other alternatives may exist where the long-horizon tests outperform the short-horizon tests.
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A more exhaustive discussion of power properties across different horizons is outside the scope of the current paper, which focuses on obtaining correctly sized tests under the null hypothesis of no predictability, a necessary start for analyzing power properties.
V. Long-Run Stock Return Predictability
To illustrate the methods derived in this paper, I revisit the question of stock return predictability. I focus on the predictive ability of traditional valuation ratios, and use aggregate U.S. data for the dividend-price (DP) ratio, the earnings-price (EP) ratio, and the book-to-market (BM) ratio. The returns data consist of annual excess returns, over the T-Bill rate, on the Standard & Poor's (S&P) 500 index. These data are a subset of those used by Goyal and Welch (2008) , although the series have been updated to include data up to and including 2007; a more detailed description of each series is provided in their paper. 18 The return series, as well as the DP and EP ratios, are available from 1871 onward, and the BM ratio is available from 1921 onward. All data are on an annual frequency, and I consider forecast horizons from 1 to 10 years. All regressions are run using log-transformed variables with log excess returns as the dependent variable.
The 2 key data characteristics that define the properties of the regression estimators analyzed in this paper are the near persistence and endogeneity of the regressors. Table 4 presents point estimates as well as confidence intervals for the autoregressive root ρ, and the analogue intervals for the local-to-unity parameter c, calculated by inverting the Deo (2009a), (2009b) unit-root test (see Appendix A). Estimates of the correlation δ between the innovations to returns and the innovations to the regressors are also provided. As is evident, there tends to be a large negative correlation between the innovations to the returns and the valuation ratios, although somewhat less so for the EP ratio. In addition, the predictor variables show signs of having autoregressive roots that are close to unity. Standard OLS inference is thus likely to be biased for all 3 predictor variables, but probably less so for the EP ratio.
The scaled t-statistics from the long-run predictive regressions are presented in Table 5 for each horizon q = 1, . . . , 10. For each horizon and forecasting variable, 3 different t-statistics are presented: i) the scaled OLS t-statistic, ii) the scaled Bonferroni t-statistic, and iii) the nonscaled Newey and West (1987) t-statistic, calculated using q lags, which is often used instead of scaling. The Bonferroni test statistic is calculated in the same manner as described in
TABLE 4
Characteristics of the Predictor Variables Table 4 reports the key time-series characteristics of the dividend-price (DP) ratio, the earnings-price (EP) ratio, and the book-to-market (BM) ratio. The first 3 columns indicate the predictor variable being used, the sample period, and the number of observations in that sample. All data are on an annual frequency. The column labeled δ gives the estimated correlations between the innovations to the predictor variables and the innovations to the corresponding excess returns. The column labeled ρ OLS gives the OLS estimates of the autoregressive root ρ. The last 2 columns give the 95% confidence intervals for the autoregressive root ρ and the corresponding local-to-unity parameter c, obtained by inverting the Chen and Deo (2009a) , (2009b) Section III and should be approximately normally distributed for all predictor variables, whereas for the scaled OLS t-test, the normal approximation is unlikely to hold given the persistence and endogeneity of the predictors. The test results in Table 5 show that there is no robust evidence of return predictability using any of the 3 valuation ratios. The robust scaled Bonferroni t-statistic is virtually never significant, with only a single outcome (for the EP ratio at the 2-year horizon) greater than 1.645, which indicates the cutoff for significance in the 1-sided 5% level test. Inference based on the scaled OLS t-statistics would lead to a somewhat more positive view of predictability, although the overall evidence is still weak, with no outcomes greater than 1.9. Of course, the OLS results are not robust to the endogeneity and persistence of the regressors, and they are thus likely to be biased.
In general, the scaled t-statistics show no signs of systematically increasing with the horizon. In contrast, using the (nonscaled) t-statistics based on Newey and West (1987) standard errors, the results would suggest that predictability is much stronger, and often significant, at longer horizons. It is apparent that NeweyWest standard errors can fail substantially in controlling the size of long-horizon tests, and the Newey-West t-statistics also clearly illustrate why long-run predictability is often thought to be stronger than short-run predictability.
The results in Table 5 thus illustrate 2 key findings. First, and contrary to many popular beliefs, the evidence of predictability does not typically become stronger at longer forecasting horizons. 19 There are some exceptions, such as the results for the Bonferroni t-statistics for the DP ratio, but overall there is little tendency for the results to look stronger at longer horizons. Second, these results show that it is also important to control for the biasing effect of persistent and endogenous regressors in long-horizon regressions, as seen from the sometimes large differences between the OLS and the Bonferroni test statistics.
VI. Conclusion
I derive several new results for long-horizon regressions that use overlapping observations. In particular, I show how to properly correct for the overlap in the data in a simple manner that obviates the need for autocorrelation robust standard error methods in these regressions. Further, when the regressors are persistent and endogenous, I show how to correct the bias in the long-run test procedures, using methods similar to those previously proposed for the short-run case. Since the proposed test statistics are asymptotically normally distributed, these new methods lead to both more efficient and simpler inference in long-horizon regressions. Finally, the new procedures are shown to work well in finite samples, with average rejection rates for the long-horizon tests that are close to the nominal size, even when the forecasting horizon is large relative to the sample size.
where L(·) is the restricted log-likelihood function given previously and (ρ,ω22) and (ρ0,ω22,0) are the unconstrained and constrained restricted maximum likelihood (REML) estimates, respectively. The unconstrained REML estimateρ is given bŷ ρ = arg min ρ∈ (−1,1] (T − 1) log Q (ρ) − log 1 + ρ (T − 2) (1 − ρ) + 2 , Chen and Deo (2009b) show that, for ρ ≤ 1, the distribution of RT (ρ) is approximately χ 2 with 1 degree of freedom, under the null hypothesis. A confidence interval for ρ can therefore be obtained by inverting the acceptance region of RT , using the χ (Phillips (1987 (Phillips ( ), (1988 ). Therefore, (T/q)(βq − 0) ⇒ ( 
